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1. Introduction: Leaf Cell Layout Design 3. BO-based Layout-Script Mapping 5. Usage of Genleaf

Leaf cells are the basic units in the filed of integrated circuits. Each leaf cell serves In physical designs, since LLM cannot fully understand the positional and rotational The input is the user query, PnR APIls, design guidelines, and the information
as a fundamental blocks that are widely reused in various VLSI designs. relationship between cells, GenLeaf formulate the layout generation task into a about the cells and netlist of the leaf cell to be designed. Then, GenlLeaf
o o code generation task to enhance the overall performance_ inferences and generates Python scripts for leaf cell PnR design. With the help of
Existing Limitations: - | the industrial data is iust | ¢ without di - the PnR engine, this code can be executed and output the whole leaf cell layout.
. Still heavily depend on layout engineers. owever, all the in .us rial data ISJUS. .ayou , without any corresponding scripts or ( o \
- Without considering design experience, the results are always unreasonable APls. To address this problem, we utilize several PnR APls and propose a wsing the goven baR. AL and leaf coll data. . ||i@§ “
i i i i I I Call the Placement API to achieve a from fouting APL amport *
or even unusable. Bayesian Optimization (BO)-based layout-script mapping scheme. i ml.ma};{cpgmﬁ?nﬁndr?t?ﬁfﬁl. e | =
' 1 1 . — Ca'c ofcranu ::,gl n o: ‘i;:IIclipnfir?im‘i:zlc;ou ::ng. Deaten 4
- Users cannot intervene the placement process through natural languages. Multi Rounds Exolorafion Objective: Toor . b of oo etk it oot and ? =) :
P 5 f({g) = (a -t —+ )6 -w + y - ’U) — Sin'l((:;b:| eg)’ L wirelength. Qutput only Python script. ) lul oooooooo [ ] ] £
Surrogate Model |<—— [T {THIRTHT Tkl © N laced_1 1 Y g.
Tg Q PnR |€— Optimize — Update '-_-nﬂ;:ﬂ' Jm H “JM[ ':E? ‘ ‘ ( r [NREN| 2 - GenLeaf
g (<>) + iteratively Core Contributions: lMaXImlzc H|n il J _E Metrics: Track usage, Similarity from the EE E = @ >
2 Engincers —| Metrics Evaluation OK _ &5 —— - . A performance-aware Acquisition Func. = =—=E= §  wirelength, via count representation model | Cells and Netlist PR APIs  Design Guidelines Genrated Python Script for Leaf Cell Layout Designj
DAL CompareI 7S
( representation learning method : 5 Variables: Case study of GenLeaf, which generates scripts to design leaf cell layouts
— | T, S n
\ —I . -+ - L l [ H J- < - mn
_ 4 SFT Stage IS proposed to represent layouts. _ | l Lﬁl"JM 1, = o =T[{1.2,...,n—i}, R = {RO,MY} 6 E _ R |
g Generated Script Samples LLM Agent o A BO-based data preparation Expert Design Golden Script Sampted Serint m il !M EI:IH!! rd” % i=1 . Xperl menta esu tS
C T C to Expert 7 . . : oy
\O-/ BO-Generat Ii lzmp:re‘ t g 2 plpellne IS developed to convert e e : : . Placement permutations The orientation of cells We deSIQn a prediction task as a
"’5 \ -Generated Golden Scrip s) ] § expert Iayouts Mo SCI‘iptS The BO-based layout-script mapping scheme after Lehmer coding Model MSE MAE downstream task. The track usage,
2 3 .
O v £ L via count, and wirelength form a
- GRPO Stage - A two-stage specialization . . GenLeat (Ours) 0.849 0722 or of o S 1o b g Jcted
© | [Generate and Group Scripts @ strategy involving SFT and GRPO 4. Spemahzed LLM-based Layout Generation Circuit GNN (Yang et al., 2022) | 1.287 0.815  VECIOr orelements o be predicted.
@) 7 Supervised Model _ | DeepLayout (Zhao et al., 2025b) | 1.324  0.969
9 Calculate Advantage Func. |4l Layouts / is proposed to allow LLM to learn Since we transform the leaf cell physical design into a code generation task, it is - <on bet GenLeaf and ofher basel The results demonstrate the
. . . . . . rror comparison bpetween GenLear and other baselines . .
tacit design knowledge. vital to enhance the generative quality of GenLeaf. To address this problem, we effectiveness of the representation.
Comparison between our proposed GenLeaf and the - TR - : :
g . utilize a two-stage specialization, including SFT and GRPO to train the LLM agent. i
traditional manual design method for leaf cell layout g€ sp 9 9 Case GoldenDesign |  GenLeaf (Ours)
. . . . . #Track | WL | #Via | #Track | WL | #Via  \We compare the performance
_ _ SFT is to enable GenlLeaf to gain a basic understanding of the calling order and . T 12901 | 18 s 3066 | 18 betweeanoIdenFI)Desi ns in
2. Supervised Leaf Cell Layout Representation methods of relevant PnR APls, and to refer to the golden scripts generated from L2 74201 21 |3 43000 21 and our G Lg f
h den | t L3 8 | 54.03| 24 3 | 5372 24 uawel ana our LenLeal.
_ e golden layouts. L4 7 |6629 | 27 3 | 64.83 | 27
Placement: We propose a placement heterogeneous graph (PHG) to model spatial N v L5 6 | 2080 | 25 S22 GenlLeaf
. . . - i - - is notable that our GenLea
and connection relationships between cells. B i e RS where z; ; is the logit of the i-th token, and z; ,,. is the L6 2 32.19 | 11 2 33.11 | 11 .
P Lsrr = N Z[ Ziy: T log(z exp(2i,))]; corresponding logit from the ground truth script. L7 13 | 4622 | 30 7 4371 | 32 achieved performance close to
: . . - i=1 j=1 L8 4 9.07 | 4 3 10.84 | 9 L .
Routing: Since the design scales of leaf cell layouts are significantly smaller than S s R Pl O (GRIOTS L9 3 | 49.10 | 8 2 |3685| 8 Golden in wirelength and Via usage
conventional VLSI designs, we can perform representation more detailly. The ____ SupervisedTine- llmmg( ) Stage roup Relative Policy Optimization (GRPO) Stage L10 So|gest) 2 3 eliz) 2 and significantly outperformed
. . | ] ] Objective Calculati . . .
routing results are treated as images. - [=) =] | Bo-bascd Searching 53 Reforence Model . J;CLII‘: — L12 12 |2693| 26 | 5 |2380| 28 ©oldenin Track usage.
e =» (LLM after Fine-tuning) [ (5o train Sl L13 13 | 62.99 | 31 8 | 6297 | 23
GenLeaf performs representation learning for two objectives: 1) Let the | Generated Scripts  Golden Scripts | — Wirelength | | Via Count L14 8 [3682] 19 ] 3 12890] 27  The results demonstrate that
embeddings of cells with similar topology closer. 2) Let the embedding of cells with N . (LM aer GRPO) | ] —— — Avg ratio | 1.00 | 1.00 | 1.00 | 052 | 096 | 101  Gon| eaf can beat the engineers.
. eriorm rn uide
better perforr_nan_ce fa_r from those Wlth pgor.performance. Therefore, we propose a | — f Performance comparison between GenLeaf and Golden Designs
supervised pipeline with the following objective: s _ gl=- i mcimimi ps Golden Resuls
, , 9 I %Hm ”W : ﬂﬁ | ﬂ N - @ D 74 E| |E| We also compare the traditional
Lebd = Z (Slm(ei’ ej) - Slm(mi’ m-?)) ! s i CIsISICIE . e Representation Designs from min Z HPWLF«:(O: R) + IIIEII)X (Z Op,k (O: R)) » Optimization method (M”_P +
| | (i,)EP | | Corresonding Layouts Pre-trained LLM Fine-tuned LLM Generated Layout Groups Model Engineers k=1 peHin k=1 Channel Routin g) and Genleaf.
where m is a vector includes track usage, wirelength, and via count of the leaf cells. o _ _
The LLM speC|aI|zat|on process of GenLeaf, |nclud|ng SFT and GRPO Method ‘Meu—ic‘ L1 ‘ L2 | L3 ‘ L4 | L5 | L6 ‘ L7 ‘ L8 | L9 | L10 ‘ LL11 ‘ L12 ‘ 13 ‘ L.14 |Rat:i0
Placement Heterogeneous Graph _Grap hSAGE-based MOdi Attention-based Fusion #Track | 3 3 3 3 4 3 6 3 2 4 8 5 8 3 | 1.00
(29 . § . g 5 Feature Aggregation | | |97 After SFT, GRPO is based on the fine-tuned LLM and further improves the MILP + CRouter #v\v]; 3(1.883 432.175 562.f7 6!;.?0 2';.;18 311.;/'2 5;.39 10;8 5‘75.;16 792.;2 151.25 322.50 7(;.:;37 353.34 i.gg
R il CIREA T Multi-Head —0° iani i i i :
I JE£ { T wu H _" GG S _" IRER Y 5 E || seifatention Performance performance by aligning with expert preferences. We customize the advantage to #Tackl 3 1 3 1 3 | 3 1 51 21 7 1 31 2131 51 51 81 3 0o
0Bt Sl e e s - '5 < |2 & coiection etrics i _Adri i Mi i GenLeaf (Ours) | WL |30.66|43.09(53.72|64.83|32.22(33.11[43.71|10.84 | 36.85|61.12|20.89 | 23.80 | 62.97 | 28.90 | 0.88
E_ e E L g = Q.K, V Projecti achieve a performance-driven policy optimization. wvin | 18 | a1 1 2a Lor 1 Tos U1t 13 e | | o7 1715 | 28 | 23 | 27 | o8
U _{i“ﬂ" :”'i!!g —Hj_HE' H H HHH = - Output Projection 0110 - ;J,t — t ; “f’w — Wj; yﬂu — Uy
Il Bemimid 1R 2= [|2[E][a]]|E 1001 A =(a- L+ 8- T4y ——)+sim(e;, ef) Performance comparison of layout generation between GenLeaf and MILP + CRouter.
Leaf Cell Layout . —_— :‘_é g_., :%; é % gﬂ —»| | Residual Connection Output 1010 Ot Ow Oy
et LINea e et - B ENEE Pooling Layer Eé‘ggggfng In the first three terms, u and o represent the average value and standard deviation of the The reason why GenlLeaf is overall superior to the traditional method is that it
Cell-Cell Connection Cell-Net Connection : . . . . . . . . . . .
Routing Image CNN-based Model three physical metrics, respectively. And the last term is the similarity between the embedding can learn from the design experience of experts, and explore possible better

Supervised leaf cell layout representation pipeline, PnR features are processed separately. e; of the LLM-generated layout and the corresponding golden layout's embedding e]:g. solutions through the SFT and GRPO stages.
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